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We compare the social character networks of biographical, legendary and fictional texts,
in search for marks of genre differentiation. We examine the degree distribution of char-
acter appearance and find a power law that does not depend on the literary genre or
historical content. We also analyze local and global complex networks measures, in par-
ticular, correlation plots between the recently introduced Lobby (or Hirsh H(1)) index
and Degree, Betweenness and Closeness centralities. Assortativity plots, which previous
literature claims to separate fictional from real social networks, were also studied. We’ve
found no relevant differences in the books for these network measures and we give a
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plausible explanation why the previous assortativity result is not correct.
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1. Introduction
Social networks gathered from literary texts have been studied from some years
now. Most of the analyses characterized the networks of pure fictional texts with
different indexes.1–6 Others proposed or tested automatic social network extraction
algorithms.7, 8
We examined a different aspect of character networks, comparing social networks
extracted from texts with pure fictional, legendary and biographical types, called
“genres”. The aim of the study is to find a measure or method that is able to
separate the literary social networks into genres.
We apply a recent node centrality index, the Lobby index,9, 10 also called Hirsh
index,11, 12 to literary networks, analyzing the correlation between it and Degree,
Betweenness and Closeness centralities. Indeed, we study the degree distribution
of character appearances and a simple but meaningful index, in such context, that
we’ve called Happax Legomena (HL) whose meaning we borrow from corpus linguis-
tics.
Previous literature claimed that some measures (degree, clustering coefficient,
assortativity) can distinguish character networks from real social networks.13, 14 We
argue that this claim is probably incorrect because the examined corpus (Marvel
Universe) has a biographical-like nature similar to our corpus (where such indexes
are non discriminative), which differs from real social (e.g., Facebook) networks that
have no central character.
2. Materials and Methods
We use the following definition of fictional, legendary and biographical works:
Biographical works are those recognized as such by modern standards describing
details of a person’s life. The biographies are the books:
• James Gleick’s Isaac Newton15 (Newton);
• Anthony Peake’s A Life of Philip K. Dick16 (Dick);
• Humphrey Carpenter’s Tolkien: a Biography17 (Tolkien);
• Jane Hawking’s Travelling to Infinity: The True Story Behind The
Theory of Everything18 (Hawking).
Legendary texts are those that, in the view of modern scholars, contain fictional
narratives mixed with possible biographical traces. In this genre are the
books:
• Luke Gospel19 (Luke);
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• Acts of the Apostles19 (Acts);
• Philostratus’s Life of Apollonius of Tyana20 (Appolonius);
• Iamblicus’s Life of Pytaghoras21 (Pytaghoras).
Fiction is denoted as texts that are recognized as such by the author of the book.
The books classified as such are:
• Charles Dickens’s David Copperfield22 (David);
• Mark Twain’s Huckleberry Finn22 (Huck);
• J. R. R. Tolkien’s The Hobbit23 (Hobbit);
• Bernard Cornwell’s The Winter King: a novel of Arthur24 (Arthur).
All networks were generated from the books using characters as nodes and char-
acters’ encounters represented as undirected links without the existence of self-loops.
We gathered all data, with exception of David Copperfield and Huckleberry Finn
that were obtained from Stanford GraphBase project.22 The data files for each
book contain the characters represented by two-letter, for example, the label GA
in hobbit.dat file represents the character Gandalf of Hobbit book. Sometimes
a group of people is considered like acting as a character, for example, the Thes-
salians (TH) in Apollonius of Tyana (apollonius.dat). The links are represented
as “cliques of encounters”, for example, the entry AP,DM,KB in Apollonius of Tyana
represents the encounter among Apollonius, Damis and the king of Babylon. The
nodes are separated by comma and the cliques by semicolon.
We calculated the following measures using graph-tool25 library: density D,
average clustering coefficient Cc, Degree Ki, node Betweenness Bi and Closeness
Ci. We also wrote Python scripts to evaluate the Lobby index for node centrality
9–12
and Assortativity plots.14, 26 Additional information about project’s data and source
code can be found at Github page called charneta.
The density D of a network is the ratio of the number of links and the possible
number of links
D =
2M
N(N − 1)
(1)
where M is the number of links and N is the number of nodes.
The number of neighbors of node i is its degree Ki. The network average degree
is 〈Ki〉 = 1/N
∑N
i
Ki. The clustering coefficient Cc is calculated as follows:
Cc =
1
N
N∑
i=1
2li
Ki(Ki − 1)
, (2)
where li is the number of links between the Ki neighbors of node i.
For nodes in the social network, we can use the following measures of centrality:
• The Degree normalized by the number of nodes not including i:
KN
i
= Ki/(N − 1);
ahttps://ajholanda.github.io/charnet/
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• The Betweenness centrality BN
i
, defined as the number of shortest paths
that pass through a node i, normalized by the number of pair of nodes not
including i, that is (N − 1)(N − 2)/2;
• The Closeness centrality Ci, defined as the sum of shortest distances be-
tween a node i and all other reachable nodes, normalized to a maximum
value CN
i
= 1;
• The Lobby index, which is the maximum number Li such that the node has
at least Li neighbors with degree larger than or equal to Li, normalized as
LN
i
= Li/(N − 1), because the maximum degree of a node is N − 1, when
it is linked with all nodes but self-loop in the network.
We’ve also analyzed the Assortativity mixing14, 26 by plotting the average degree
〈knn〉 of neighbors of a node as a function of its degree k. An assortative mixing is
found when the slope of the curve is positive, and a disassortative mixing is found
when the slope is negative.
We’ve studied the degree distribution ki of a given character in the network
fitting data using powerlaw27 package. Finally, we’ve counted characters that appear
only once which is called Hapax Legomena and twice which is called Dis Legomena.
3. Results
Global indexes. Table 1 indicates that Density values for fiction texts were larger
(D > 0.1) than other genres in our sample. The exception is Arthur that could also
be considered legendary and has the actions concentrated on the main character,
King Arthur, that is characteristic of a biography. Legendary and biographical texts
are normally dedicated to describe the story of a few main characters with secondary
characters orbiting around them and with few links among secondary characters.
For example, in Apollonius of Tyana, Appolonius, Damis and Iarchas are the most
proeminent characters with 151, 40 and 33 appearances, respectively. After them,
king Phraotes, king of Babylon and Menippus appear only 13, 12 and 11 times
respectively, with few interactions (degree), 5, 5 and 8, respectively.
We do not find any clustering trend for these global measures in the plot of Cc
vs D showed in Fig. 1.
Node centrality indexes. The individual centrality indexes are Degree Ki, Be-
tweenness Bi, Closeness Ci and Lobby Li. As we have four quantities, one could
examine six types of correlation plots for each of the books, that is, at first we should
report 6 × 12 = 72 plots. Here we choose to concentrate the analysis on the least
studied Lobby index versus the other classical indexes, so we report only Li ×Ki,
Li ×Bi and Li × Ci.
We plot the normalized Lobby index LN
i
vs normalized degree KN
i
for all char-
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Table 1. Global network data, average degree 〈K〉, density D and clustering coef-
ficient Cc.
Genre Book N M 〈K〉 D Cc
Biography
Dick 115 189 3.29±7.27 0.029 0.091
Tolkien 94 219 4.66±9.04 0.050 0.149
Newton 33 44 2.67±3.29 0.083 0.143
Hawking 249 446 3.58±11.51 0.014 0.047
Legendary
Apollonius 95 138 2.91±7.37 0.031 0.067
Acts 76 160 4.21±5.14 0.056 0.316
Pythagoras 41 31 1.51±2.18 0.038 0.027
Luke 76 203 5.34±8.10 0.071 0.340
Fiction
Hobbit 41 160 7.80±7.43 0.195 0.746
David 87 406 9.33±10.49 0.109 0.351
Arthur 77 141 3.66±5.98 0.048 0.140
Huck 74 301 8.14±7.34 0.111 0.488
0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
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Fig. 1. Dispersion plot of Density vs Clustering Coefficient. (The books’ genres are written be-
tween parenthesis after their labels: B means biography, F is for fiction and L for legendary.)
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Fig. 2. Dispersion plots for Lobby vs Degree centrality with Pearson correlation r at the top. (In
Figs 2–6, biographic texts are located at first column, legendary at second and fictional at third. The
plot marks are also consistent with text genre.)
acters in Fig. 2b. We can see that there is an initial linear correlation between the
Degree and Lobby indexes followed by a saturation in almost all graphs. This be-
havior can be explained by the fact that it is much difficult for Lobby index to
continue increasing after a certain value of degree. For example, it is possible for
the central character to have degree KN
i
= (N − 1)/N ≈ 1 (he/she meets all the
other characters) but to have LN
i
≈ 1, the graph must be complete where not only
the central nodes link to all other nodes, but any of their neighbors link to all other
nodes too.
By the comparison of the twelve plots, we noticed that Lobby and Degree are
well correlated, with the exception of Pythogoras that suffers from finite size effect
(N = 31, M = 41). Even though the measures have a good degree of correlation,
the genres cannot be classified by applying Lobby vs Degree correlation. See, for
example, the plots for David, Luke and Tolkien are almost indistinguishable.
The Pearson correlation is low between Lobby vs Betweenness (Fig. 3). We’ve
noticed that the correlation is larger for biographies than for most of the fictional
bSome graphs, as Pythagoras, show few points because they have the same (LN
i
, KN
i
) coordinates.
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Fig. 3. Correlation plots for Lobby Betweenness centrality with Pearson correlation r at the top.
and legendary texts. However, the fictional book Arthur has a larger correlation
than Tolkien, reinforcing the biographical-legendary nature of the text previously
discussed.
We’ve observed an interesting phenomenon in the Lobby vs Closeness plot
(Fig. 4). It shows clusters in the data, a feature found in a study of biological
networks.10 It seems that Lobby can detect communities that the other indexes
couldn’t. So, anew, these correlation plots cannot separate the book genres.
The Fig. 5 presents the Assortativity plots where each point is the degree ki
for a given character of degree k. The plot also shows the average knn = 〈ki(k)〉.
We’ve observed that it doesn’t matter the book genre, all plots are disassortative.
Disassortativity means that characters with high degree interact preferentially with
characters with low degree. An explanation is that all books have been selected
as fictional or not biographies of central characters and there is no coexistence of
several strong characters, perhaps with the exception of Peter and Paul in Acts.
Degree distribution. We plot the degree distribution ki so that each character
now has a degree k and a cumulative probability P (k). The Fig. 6 presents the
P (k)× k for all books.
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Fig. 4. Correlation plots for Lobby vs Closeness centrality with Pearson correlation r at the top.
Hapax Legomena. From literary criticism, we have words that appear a single
time in a text named Hapax Legomena. Here we consider only Hapax Legomena
(HL) for character labels, that is, labels with frequency fi = 1. They are presented
in Table 2, with the books ranked from the largest to the lowest Hapax Legomena
ratio HLN = HL/N (number HL of labels with fi = 1 divided by total number of
characters N).
The reasoning for using the Hapax Legomena to separate the books is the fol-
lowing: for a fictional text, it seems unusual the author to have the effort to create
a character but use it only once. But for biographies, this seems to pose no prob-
lem. So the conclusion would be that fictional texts have less Hapax Legomena than
the other genres. Surprisingly, this trend does not appear in our Table 2. The fact
that the legendary texts have the larger Hapax Legomena fraction seems to be more
related to the fact that they are small texts compared to the other books, so that
there is less space to cite the same character several times.
4. Discussion
The separation of book genres based on complex networks indexes is a hard task.
But we’ve concluded that even negative results are very interesting because they
refute, in a Popperian way, the conjecture that network indexes could separate
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Fig. 5. Different values of nearest neighbors degrees (knn) as a function of degree k. Continuous
line indicates average 〈knn〉 as a function of k. Both values, knn and k, are divided by a value
corresponding to the maximum value in each set to be normalized.
literary social networks. For example, Alberich et al.13 noticed differences between
the average degree and clustering coefficients of the Marvel Universe (MU) network
and non-literary social networks. In the MU, there is a predominance of a few
characters (for example Captain America and Spider Man) with very large degree.
Also, Gleiser14 pointed out that the MU is very different from real social networks
because it is disassortative.
However, low average degree, low clustering coefficient and disassortative behav-
ior also occurred in our character networks, because they are based in biographical-
like texts which imply very central characters (e.g, Arthur, Jesus or Stephen Hawk-
ing). That is, our data suggests that Alberich et al. and Gleiser findings can be
alternatively explained considering that Marvel books are a “biographical” texts of
a few central heroes that should not be compared with usual (e.g., Facebook) social
networks.
Indeed, the hard task to distinguish real from purely fictional social networks
becomes harder when we add legendary texts, which we define as text that cannot
be trusted as historical biographies but could have some historical traces due to
oral traditions. We have no certainty that the social network described is fictional
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Fig. 6. Degree distribution of character networks for all books. The fitting is rep-
resented by continuous line and starts at kˆmin, following a power-law distribution
P (k) = k−α, α > 1, k ≥ kˆmin > 0.
or some information refers to true historical social relations. This is the case of the
narratives about Pythagoras, Jesus of Nazareth, the first apostles and Apollonius of
Tyana.
The degree distribution followed a power law that does not depend on the literary
genre studied (see Fig. 6). Even though this statement needs to be confirmed with
a larger corpora, it suggests that αˆ is not a good measure to distinguish historical
from fictional texts, which is our primary objective.
In the case of global measures average degree, density and average clustering
coefficient (Table 1), we’ve observed no trend that splits the genres. This result
suggests that they aren’t good metrics to classify the texts because they are linked
with size and length of the network and don’t take into account the weight of the
links, for example, to highlight the importance of frequent interactions that could
help in the discrimination of biographical or legendary texts.
A legendary or biographical text normally has few characters with high de-
gree and some links with high weight; the same arrangement normally doesn’t
occur with fictional texts. In our study, for example, in Apollonius of Tyana
book (N = 93,M = 138), the highest weighted link has 35 interactions (27% of the
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Table 2. Number of character names that are
Hapax legomena HL divided by total number
N of characters.
Genre Book HLN = H/N
Biography
Tolkien 43/94 = 0.457
Dick 45/115 = 0.391
Hawking 76/249 = 0.305
Newton 10/33 = 0.303
Legendary
Pythagoras 34/41 = 0.829
Acts 51/76 = 0.671
Luke 51/76 = 0.671
Apollonius 62/95 = 0.653
Fiction
Huck 32/74 = 0.432
Arthur 31/77 = 0.403
David 26/87 = 0.299
Hobbit 07/41 = 0.171
encounters) between Apollonius (k = 72) and Damis (k = 12); while in Huckleberry
Finn (N = 74,M = 301), Huckleberry (k = 53) is tied with the highest weighted
link with 28 interactions (5.2% of the encounters) between him and Jim (k = 16) .
In the biography of Stephen Hawking (N = 248,M = 444), Hawking (k = 99) meets
Jane (k = 152) 108 times (24.2%); while in David Copperfield, David (k = 82) meets
Betsey (k = 31) 54 times (13.3%). Using the same reasoning as in Hapax Legomena,
this is not an universal law but it can help to figure out the genre a book is most
likely to fit in.
Recently, Ronqui and Travieso28 proposed that the analysis of correlations be-
tween centrality indexes is interesting to characterize and distinguish between nat-
ural and artificial networks. In these plots, each point refers to one character. We
examined the correlation plots for the Lobby index vs Degree (Fig. 2), Betweenness
(Fig. 3) and Closeness (Fig. 4). Such comparisons revealed that social networks, fic-
tional and legendary or historical are very similar and they cannot be distinguished.
Although these are negative results, we think that they are important ones. After
all, with such small sample, we cannot aim to have corroboration by induction (a
large number of results suggesting clear clustering). Indeed, even with perhaps a
sample of one thousand books, there’s no guarantee that in the next one studied
conclusions will be refuted. On the other hand, negative results refute conjectures.
And, indeed, our small sample refutes a lot of a priori conjectures concerning the
capacity of traditional network indexes or Hapax Legomena to separate the genres.
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5. Conclusion and Perspectives
In this paper we examined three questions: first, is there some difference among pure
fictional social networks (centered in a main character), legendary social networks
and networks extracted from a historical biography? Second, are there complex
network indexes with potential to separate these genres? Third, what is the behavior
of the recently introduced Lobby index in this respect?
This preliminary study is important by proposing the problem and exploring
its possible solutions. Even with a small sample, our findings seems to refute some
ideas such as comparing degree distributions. By examining local node centrality
indexes like Degree, Closeness, Betweenness and Lobby, what we obtain is that to
separate the genres by using only the social networks is a hard and non trivial task.
Although negative, these results are important as guide for future research.
To overcome the limitations of this paper, we foresee only a methodological
advance: to have a good Natural Language Processing algorithm that extracts au-
tomatically social networks from raw texts. Since this methodology is yet under
development,7, 8 our study can be thought as both preliminary and as a benchmark
for further studies.
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